To tackle the problem of non-reusability of the magnetostrictive displacement sensor which is embedded in a pushing hydraulic cylinder, and improve the accuracy of pushing displacement sensing for hydraulic powered roof support, the compact self-contained inertial sensor is utilized in pushing displacement measurement. The motion characteristics of pushing operation are re-considered, and multi-segmental Kalman filter (MS-KF) is proposed based on the motion characteristics. A cascaded framework is constructed for pushing displacement estimation, and key technologies such as orientation estimation, segmental recognition and MS-KF implementation are demonstrated. The experiment is elaborated and experimental results show that the proposed approach significantly reduces the cumulative error and proves to be practical and valuable.
AS one of the most intelligent equipment in fully mechanized coal mining working face, the hydraulic powered roof support (HPRS) works cooperatively with cutting machine (also known as shearer or mining machine) and scraper chain conveyor. Pushing link, which physically connects the scraper chain conveyor and hydraulic support, is utilized to push the scraper chain conveyor forward or backward. During each working cycle, HPRS will cooperatively push the corresponding part of scraper conveyor from the current position to the next. HPRS will advance forward to be in alignment with the same baseline. During the periodic pushing and advancing, pushing displacement of every hydraulic support is the key metric to percept the smoothness of scraper chain conveyor. Due to poor work environment, different geological conditions and loss reduction of hydraulic emulsion system, there are still challenges to measure pushing displacement at present.
As a traditional solution, magnetostrictive displacement sensor (MDS) is utilized to measure pushing displacement through rough estimation. To protect the sensor from being damaged when exposed to complicated working space and to improve reusability, MDS has to be embedded into the pushing hydraulic cylinder (PHC). However, it does not guarantee sensing accuracy. The actual pushing displacement is the moving distance of pushing link, while sensing displacement is the length of moving piston, which means there is a deviation between actual pushing displacement and sensing displacement. Thus, pushing displacement must be obtained via simply trigonometry operator or must directly use sensing displacement as an approximate value. However, there are some drawbacks in this approach. First, MDS of hydraulic support is non-reusable due to cumbersome mechanical structure, unmaintainable installation of sensor, and harsh underground work environment. As a consequence, this approach will not work once the MDS is broken, and the broken MDS cannot be replaced until the whole mining process is finished. Secondly, if pushing distance is indirectly approximated via pushing length of PHC, obviously, the approximation error is inevitable. Finally, if pushing distance is calculated via trigonometry transformation, then the calculation error may vary significantly due to different roughness of the floor. Thus, sensing error of pushing displacement may be rather large.
Aiming at the above problems, the compact selfcontained inertial sensor provides potential approach for pushing displacement measurement. In order to reduce estimation error, a cascaded pushing displacement estimation framework based on multi-segmental Kalman filter (MS-KF) is proposed. Key technologies of the proposed framework, such as orientation estimation, segmental recognition and MS-KF implementation are demonstrated as well.
Literature review
Recent research works relevant to this study focus on three topics: displacement measurement, inertial sensing approach and Kalman filter. In this section, we list and summarize the related literature.
Displacement measurement
Since displacement is valuable information for analysing structural behaviour, motion characteristics and mechanical properties, displacement measurement has been applied in various science scenarios, structure engineering 1 , robotics 2 , and medical science 3 , etc. Among these, the most applicable field is structure engineering. Structure health monitoring applications all begin with measuring the dynamic response of structures, but displacement measurement has been limited by the difficulty in requiring a fixed reference point, high cost and low accuracy. Yoon et al. 4 , presented a framework to achieve absolute displacement of a structure with a video taken from an unmanned aerial system using a three-step phased approach. Aimed at long span bridge structures, Soman et al. 5 presented a feature extraction-level data fusion-based damage isolation strategy using multi-metric sensing; both strain and displacement data were combined after performing coordinate transformation. Considering the disadvantages of traditional displacement sensors such as instrumentation cost, installation efforts and measurement capacity in terms of frequency range and spatial resolution, more comprehensive works from the perspective of vision-based displacement measurement have been reviewed by Xu and Brownjohn 6 . In Europe, the displacement estimation framework is a key part of forestry unmanned aerial vehicles (UAVs); both aerial imagery and GPS information can be utilized for post-harvest soil displacement estimation 7 . In order to estimate soil displacement from timber extraction trails in steep terrain, an unmanned aircraft is used for 3D scanning to generate a detailed post-harvest terrain model 8 . Displacement measurement is widely researched in materials science as well Rizzello et al. focused on self-sensing of displacement for dielectric elastomers, and applied the estimated displacement in closed-loop control [9] [10] [11] . Tessler et al. 12 , proposed inverse finite element method to reconstruct the displacement field of a shell structure which undergoes large deformations using discreet strain measurements as the prescribed data. Besides, displacement measurement is also a great challenge for tissue motion estimation 13 , ultrasound elastography 14 , electrode displacement elastography 15 , etc.
Inertial sensing approach
There are other displacement sensors such as wheel odometer, INS, GPS/GNSS, ultrasonic sensor, laser sensor and optical camera (Table 1) 16 . However, these sensors are difficult to use due to complicated working conditions. On the one hand, the measuring area, which can be used for sensor mounting, will be occupied frequently by human beings, because this is the only available area for the operators. On the other hand, scattered coal block will fly into this area occasionally. Thus, this area is totally exposed to danger, both for the sensors and human beings. Thus, inertial sensors could be appropriate for displacement sensing in this case. As described earlier, the inertial sensor is suitable for this scenario due to the limited working space. The sensor is frequently used for navigation 17 , in robotics 18 and motion tracking 19 . In order to estimate the full state of the flexible joint manipulators, a nonlinear observer under the Lipschitz condition of nonlinear stiffness is proposed and algebraic Riccati equations are applied to choose the gain of the proposed observer 20 . Comparative experimental results verify the effectiveness of the proposed method. For more complicated and precise requirement, simultaneous localization and mapping (SLAM) and laser scan matcher (LSM) can be improved with the use of inertia sensor and kinematic velocity information 21 . Inertial sensors provide a possible solution since they are self-contained, relatively low cost and can be easily mounted on the machine structure. While the inherent limitation accumulated growth of error, with time, measured velocity and position need more efficient and precise process models or algorithms 22 . To achieve this goal, researchers use other compensate sensors to remove the drift during long-term measurement. Inertial sensors, ultrasonic sensors and magnetometers are combined together to estimate motion state using the extended Kalman filter for data fusion 23 . The results show that the accumulated errors of inertial sensors are reduced by ultrasonic sensors and magnetometers, and extended Kalman filter (EKF)-improves the accuracy of orientation and position measurements.
Kalman filter
The inertial sensor provides a potential approach for pushing displacement estimation due to its advantages such as lightweight, low power consumption, portability and being self-contained. Although it is successfully used in many fields, displacement estimation based on inertial sensor is still a great challenge due to the cumulative errors 24 . Thus, practical usability of the inertial sensor for displacement estimation requires better signal processing algorithms before it can be used in extreme working condition. As a state-space model-based linear filter 25 , the Kalman filter is frequently used in inertial information processing with uncertainty problems 26 , including position estimation 27 as well as rotation estimation 28 . For nonlinear problems, researchers also proposed some mutation of a Kalman filter, such as extended Kalman filter 29 , unscented Kalman filter 30 , etc. Recently, Kalman filter has also been used in intelligent computation and information fusion through distributed or parallel approach 31, 32 . In addition, Kalman filter contributes to magnetometer calibration 33 , moving object tracking 34 , and satellite attitude determination 35 . However, the estimation performance of Kalman filter is greatly influenced by the selection of processing noise covariance Q and observation noise covariance R 36 . Thus, tuning method of the covariance should be applied to obtain better estimation performance. Optimization algorithms play an important role for tuning parameters of Kalman filter. Recently, some interesting and efficient nature-inspired optimization algorithms have been proposed for parameter tuning. In 2012, krill herd (KH) was proposed by Gandomi and Alavi 37 . Based on the innovation, improved KH algorithms are successively being developed 38, 39 . These algorithms are efficient and flexible, and can be enhanced either by internal improvement, such as introducing new migration operator 40 and new information exchange process 41 , or by combining other algorithms together, such as quantum-behaved particle swarm algorithms 42 and cuckoo search algorithms 43 . Monarch butterfly optimization (MBO) 44 and MBO-based algorithms 45 are recently developed meta-heuristic algorithms which simulate the migration of monarch butterflies. Similar algorithms like moth search algorithm 46 , earthworm optimization algorithm 47 , cuckoo search algorithm 48 , bat algorithm 49 and firefly algorithm 50 also simulate the natural processes and contribute to intelligent optimization algorithms.
Discussion
Although the above-mentioned studies are highly valuable, the problem of pushing displacement estimation on mining face has rarely been researched due to existing challenges regarding measurement approach in practical applications. Here, we propose a cascaded displacement estimation approach to estimate the pushing length of PHC without the use of non-reusable MDS. We also combine this approach with multi-segmental Kalman filter to estimate pushing displacement in different signal segments.
Proposed estimation approach

Description of pushing operation
Generally, movement of hydraulic support contains two parts: pushing scraper chain conveyor forward (pushing) and advancing itself forward (advancing). The combination of pushing and advancing constitutes a periodic movement. First, hydraulic support utilizes pushing link to push the scraper chain conveyor forward (hydraulic support body is motionless). Then the pushing link will pull the whole body of hydraulic support forward (scraper chain conveyor is motionless). With such a periodic movement, the chain conveyor can be pushed forward step by step. The translation along the y-axis of the sensor frame of reference is the main feature of the pushing movement. Due to the roughfloor, rotations around x-, yand z-axis will cause some acceleration fluctuations. The analysis is based on the following hypothesis: (i) The density of emulsified liquid is stable and inner diameter of the pipeline is constant. (ii) All hydraulic supports are in good condition with constant flow rate; there is no leakage of any emulsified liquid. (iii) Hydraulic pump provides enough pressure to pushing and advancing. Hydraulic support extends the piston out or withdraws the piston back while pushing; both acceleration and angular rate show significant response to movement. The acceleration shows an increase in the beginning and decrease at the end, while it will present a totally inverse result when advancing. However, their magnitudes are different due to the fact that PHC with floating piston outputs different force magnitude when extending piston out or withdrawing piston back, which leads to varying velocity between pushing and advancing. The curve of displacement seems to be a tilt trapezoid.
Since flow rate outlet of the hydraulic pump for PHC is constant, based on the listed hypnosis, moving velocity of the piston should be constant as well. However, when pushing and advancing at the starting point, the acceleration fluctuates significantly and increases rapidly to an excepted velocity. The velocity should be constant until it reaches the end point according to hypotheses (2) and (3). The angular rate also presents similar features, which can be aid for recognition of pushing and advancing. Based on the description, traditional displacement estimation approach can be replaced with the proposed method which utilizes different estimation model for constant segment and variational segment separately.
Framework of the proposed approach
The principle of the proposed approach for pushing displacement estimation is dividing the inertial signal into segments -variational velocity segment (VVS) and constant velocity segment (CVS). The signals beyond these segments should be ignored theoretically. Thus, signals in other segments will be applied with zero velocity update (ZUPT) and errors in current periodic pushing operation will never be transferred to the next, which will clear cumulative errors effectively. Figure 1 shows the framework of the proposed approach. The inertial sensor information is filtered with wavelet-based de-trending and de-noising filter, which help in removing baseline drift and noise, and reveal fluctuation. The result will be used in final estimation based on the proposed MS-KF.
The input signal, filtered angular rate, is processed to remove the influence of gravity on acceleration using the orientation estimation. By combining control chart-based change-point detection and k-means clustering, the original inertial data can be segmented and recognized as segments (VVS and CVS). For these segments, displacement can be estimated separately by a proposed cascaded segmental estimation algorithm which contains variational velocity process method (VVM), constant velocity process method (CVM) and ZUPT. Through repeating the periodic processes with corresponding models: 'VVM → CVM → VVM → ZUPT', displacement in a period of pushing or advancing can be obtained.
Key techniques
Wavelet-based de-trending and de-noising
Before recognizing starting and ending points of VVS, wavelet transformation method is applied to perfectly remove baseline drift and reveal data features. This section introduces notations related to wavelet transformation. Let ψ(t) be the wavelet function, φ(t) be the scaling function of a multi-resolution analysis {h n } the low-pass filter and {g n } the high-pass filter. The acceleration signal is indicated as Y = {y n }, n = 0, 1,…, N -1; generally, parameter N = 2 j . The scaling function and wavelet function are defined as follows
The wavelet coefficients of Y can be calculated as follows 0 , 0,..., 1, 
Since low frequency baseline shift of acceleration significantly increases the estimation error, this study removes low-frequency component that is decomposed at level 8.
Once the acceleration signal is obtained, the de-trended acceleration can be used for further processing. Except the low-frequency component in acceleration, there is some other high-frequency noise. By applying a hard threshold, these components which are decomposed at levels 1 and 2 can be removed from the de-trended signal.
Cascaded segmental estimation algorithm
The filtered signal can be applied with cascaded segmental estimation algorithm to retrieve displacement. As shown in Figure 5 , the proposed algorithm is divided into three cascaded sections; orientation estimation, segment recognition and MS-KF. In order to describe the proposed estimation algorithm, some essential parameters are listed in Table 2 . Orientation estimation: Quaternion is widely used in IMU-based MARG system due to the convenient orientation representation. Here we use quaternion-based repre-sentation to estimate orientation. Angular velocity from the gyroscope is the principle information source, with quaternion transformation and vector integration. The predicted orientation quaternion can be described as follows
.
Using the output of prediction, raw acceleration in local (sensor) frame L t α is rotated into the global frame. , ( ) .
Theoretically, the results should satisfy the equation
where R(q) is the rotation matrix transferred from orientation quaternion, and q = [q 0 , q 1 , q 2 , q 3 ].
However, there is an algebraic deviation between the predicted results and the true gravity vector. The small deviation is used to correct process error. The deviation quaternion acc , q Δ which is obtained using SLERP-based quaternion interpolation, will be used for later orientation estimation correction. Thus, the final orientation quaternion can be calculated as follows.
Acceleration can be used to calculate velocity and displacement via integration and second integration separately.
However, acceleration of rotated inertial sensor is affected by orientation, and produces a differential caused by gravity. In order to tackle this problem, we use the above estimated orientation quaternion to remove the gravity influence on acceleration. The orientation quaternion is used for rotating acceleration from local (sensor) frame of reference to the global reference frame, which yields acceleration without gravity. , ( ) .
The filtered signal will be segmented, and estimated using MS-KF. During estimation, since the signal in CVS has feature of zero acceleration, CVM will be applied to estimation model. For those segments outside the cycle of 'VVM → CVM → VVM', the measurement of velocity can be reset to zero, which is famous as zero velocity update (ZUPT), and pushing displacement estimation can be discarded to reduce the drift error.
Segment recognition: For segment recognition we propose a method combining control chart-based changepoint detection and k-means clustering method together to recognize VVS and CVS. Control chart-based change-point detection is an efficient method in automation and industrial quality control, though new approaches based on neuro network 30 , neural fuzzy 31 and Bayesian 32 have been proposed in recent years. The present study applies Shewhart individuals control chart to find the mutation points and locations which indicate the sudden changes in acceleration.
In comparison to the rational subgroup control chart, the individuals control chart does not have to wait for the next acceleration sample and speeds up the detection process. The basic schema of Shewhart individuals control chart is detecting location with non-normal probability distribution. For a range of acceleration samples, including m samples, the moving individuals average centre line, upper control limit and lower control limit are obtained from the following 
The change-point set contains all the change points which should be applied with Kalman-based estimation to get the variational velocity. However, it does not work efficiently for a single discrete acceleration sample. Thus, adjacent change points with small time interval among the cluster members are grouped as a segment. To recognize the different segments, these indexes need to be clustered into several types. K-means clustering method is adopted to effectively solve this problem. Let idx denote the index of change points; and idx = {i | p i ∈ P}. Since there are four different segments during a period of movement for PHC, thus k = 4 and the segment should be indicated as {s k , k = 1, 2,…, 4}. The change-point set can be grouped into k segments by seeking minimal value of objective function by the following two steps
μ is the mean of set i at step t. These segments are classified into VVS (where acceleration significantly fluctuates) and CVS (no acceleration change). Acceleration in VVS and CVS will be applied with VVM and CVM respectively, to retrieve the displacement.
MS-KF implementation:
For different segments, different state space representations are utilized to eliminate cumulative error when estimating pushing displacement. In the case of VVS, the position x i and velocity v t of the hydraulic support are constituted as state vectors in state space representation.
, 1
, 1 1 , , ,
This is a variational velocity model (VVM), especially for VVS, by simple algebra operation. A more general format is obtained as follows 2 , ,
With a comparison between eq. (2) and 
μ t is the constant control input vector; and 0 . 0
F t is the state transformation matrix;
G t is the control input matrix; here it is an identity matrix. 
where H t = [0 0 I] is the observation matrix and w i+1 is zero mean white measurement noise with known covariance
The final estimation can be obtained via recursions as follows (1) Initialize state: X e,0 and P 0 .
(2) Prior estimate: 
T t t t t F P F Q + (4) Calculate Kalman filter gain: ( 
For different segments, the initial states are different. Generally, the initial state of VVS when accelerating should be X e,0 = 0, P 0 = 0, while for segments when decelerating should be X e,0 = X i,t , P 0 = 0. Thus, the real displacement is obtained as follows 
Experiment and analysis
The experiment was conducted using hydraulic support with a PHC. As shown in Figure 2 , since the base of hydraulic support remains stationary during pushing operation, the inertial sensor was mounted on the PHC to collect inertial information. In order to obtain the genuine pushing displacement, a high-speed acquisition device and displacement sensor were utilized to collect acceleration data and verify the real pushing displacement. Table 3 provides the details of the experiment configuration.
Wavelet-based de-trending and de-noising
Acceleration on y-axis is the principle component which contributes to pushing, and it presents distinct acceleration and decelerating features. However, the xand y-axes also represent significant vibration in variational speed segment, as shown in Figure 3 a and b, which represents acceleration along the y-axis and the x-axis respectively, and contains high frequency noise and significant baseline drift. The raw signal was decomposed at level 7 using Coiflet family wavelet; both the high-frequency noise and baseline drift were totally removed. Figure 3 c and d shows the removed baseline drift and noise, while Figure  3 e and f shows the filtered results. From the result, the magnitudes are found different between extending piston out and withdrawing piston back due to the fact that floating hydraulic cylinder is different. In the experiment, the sampling rate was 1 kHz; when extending the piston out, the velocity was 14.5339 mm/s, while it was 35.1879 mm/s when withdrawing the piston back. Table 4 shows details of the results.
Segment recognition results
Based on the filtered data, Shewhart individuals control chart was applied to find abnormal points in the dataset.
In Figure 4 , the recognition of VVS and CVS is represented. The value of acceleration should be limited within the range (LCL, UCL) when accelerating or decelerating. In this experiment, there is an exception; as shown in Figure 4 , a vital vibration area occurred before the first deceleration. It should be included in VVS since it affects velocity estimation along the y-axis. Thus, the change points are those beyond limitations ( Figure  4 a) .
Based on these change points, k-means clustering method was applied to the processed data with k = 4, and k = 5 (Figure 4 b and c) . The indices of all the change points clustered into k groups. To process estimation more precisely, k can be increased to a proper value. As shown in this experiment, significant vibration before pushing is stopped and it causes a vital fluctuation of acceleration, thus k = 5 can be set. The larger the k value set, the more the details available for estimation.
Pushing displacement estimation using MS-KF
The recognized segments can be applied with different methods to retrieve displacement. As an example, for VVS, let k = 4. We estimate the segment with variational velocity (e.g. start pushing) and the segment between start pushing and stop pushing with constant velocity (e.g. pushing). Figure 5 a-c shows the estimated acceleration, velocity and displacement respectively. Before pushing, there is a process of acceleration to a specified velocity which presents a significant acceleration burst (Figure 5 a) . Due to elastic characteristics of hydraulic liquid, the acceleration will show a fluctuation between zeros. With Kalman filter, both velocity and displacement are estimated (Figure 5 b and c) respectively. Velocity will be stable after an intense oscillation, with the final velocity of 15.02 mm/s. However the displacement continues growing to 5.69 mm approximately. These results should be the initial state for the next estimation segment. The next estimation state is the pushing segment with constant velocity (CVS) and should be initiated with [y 0 , v 0 , a 0 ] T = [5.69, 15.02, 0] T . The estimated acceleration (Figure 6 a) , oscillates around zero, which corresponds to the theoretical expectation. The velocity (Figure 6 b) fluc-tuates around a certain value (varies from 14.59 to 18.26 mm/s, with mean of 16.06 mm/s). The displacement ( Figure 6 c) , continuously increases to 397.8 mm.
From the two estimation examples, the green lines in Figures 5 and 6 of velocity and displacement estimation represent velocity and displacement integrated directly from raw acceleration respectively. Evidently, both the integrated velocity and displacement show large accumulated error as time increases. The errors are shown in Figures 5 d and 6 d for these two typical experiments respectively. In order to consider time-based accumulated error, the mean square error per second (MSE/sec) is used for performance comparison (Table 5) .
From Table 5 , during the same time interval, MS-KFbased estimation for push hydraulic cylinder is better than direct integration, and the accumulated error is no more than 2 mm/sec which is capable of monitoring pushing displacement under harsh environments.
Conclusion and future work
To solve the problem of non-reusable displacement sensor, a cascaded pushing displacement estimation approach has been proposed. In this approach, we utilize a combination of wavelet-based de-trending and de-noising filter, change-point detection and k-means clustering-based segment recognition and pushing displacement estimation using MS-KF. Examples of the proposed approach have been elaborated, and the results discussed. By applying ZUPT in MS-KF, the cumulative error can be removed before starting the next pushing operation. As a result, the errors are reduced significantly (no more than 2 mm/s) in a periodic pushing operation. Thus the proposed approach is feasible and acceptable in industrial scenario under harsh environments. Theoretically, the proposed MS-KF can be used in other applications with periodic changes. Thus, this approach can be utilized in all scenarios with piston movement.
Compared to traditional measurement method for hydraulic support, this approach provides practical inertial-based displacement estimation. Although the cumulative error is acceptable for hydraulic support, error elimination is still a challenge for more accurate working environment. Our future work will focus on the development of better error elimination algorithms with the help of computational intelligence algorithms, and more comparisons with other intelligent algorithms are necessary. Finally, this approach can be applied in other similar scenarios.
